Introduction
In the recent years, a number of groups have described different methods for the classification of invasive breast cancers based on gene expression profiling. The most commonly used statistical methods to arrive at gene expression classifiers are the unsupervised analysis, and the datadriven or supervised analysis. Unsupervised methods analyse differences in gene expression between samples without using prior knowledge of clinical outcome. 1 The supervised approaches use clinical data to build a predictive model for outcome (e.g. metastasis, death and therapy response). [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] Supervised approaches can also be used to identify gene expression profiles associated with clinical or pathological/genetic parameters such as BRCA 1 and 2 mutation status, ER status, histological grade and proliferation. 2, [12] [13] [14] [15] While the unsupervised methods are primarily used to unravel biological differences between tumours, but may also aid in predicting outcome, the supervised approaches are applied to build a prognostic test for clinical application, e.g. (neo-) adjuvant treatment decision-making. An additional method is to use hypothesis-driven gene expression profiling. We have previously classified breast cancers based on the wound-response signature (WS) (also known as the core serum response signature) and the hypoxia-response signature (HS). [16] [17] [18] The basis for these previous analyses was to use a gene expression signature derived from a model developed to study cancer-associated processes in tissue culture cells. These in vitro generated gene expression profiles have subsequently been tested on human cancer samples. It has been shown that these profiles have prognostic value in different cancer types (lung, gastric, squamous cell ((WS; 16 ) breast (WS and HS; [16] [17] [18] ) and ovarian (HS 17 ), thus indicating the relevance of these processes to tumour clinical phenotypes. The WS is based on the theory that 'tumours are wounds that do not heal' 19 and the hypothesis that a woundlike phenotype would be advantageous to cancer cells in the process of metastasising. In gene expression profiling studies using fibroblasts, Iyer and colleagues noticed that serum stimulation of fibroblasts resulted in changes in gene expression that showed resemblance to processes involved in wound healing. 20 Chang and colleagues have used a similar serum-stimulated fibroblast model to define a serum response gene expression signature. 16 As addition of serum to fibroblasts also leads to a marked increase in proliferation, part of this gene expression signature consists of genes involved in proliferation. Chang and colleagues subsequently filtered out cell cycle dependent genes to arrive at the core serum response (CSR) gene expression signature. Gene expression profiles of tumours can be compared to this WS and subdivided into an 'activated' subset and a 'quiescent' WS subset. 16 Hypoxia is another process that plays an important role in cancer (reviewed in 21 ). To define a 'hypoxia signature', multiple primary epithelial cells were exposed to different levels of hypoxia. A common gene expression pattern associated with hypoxia across these cell lines was defined and called the 'hypoxia-response signature' (HS). To find hypoxia specific genes, only genes that are up-regulated by hypoxia were selected, as down-regulated genes included a large number of cell cycleregulated/proliferation genes. The HS genes were used to classify tumours as hypoxic or non-hypoxic. Tumours showing a gene expression pattern resembling the in vitro model ('activated' for the WS and 'hypoxic' for the HS) have a significantly worse outcome for both metastasis free probability and overall survival. Modelling (supervising) the wound signature allows for optimising sensitivity 18 or allows using the model for predicting a different outcome parameter, i.e. local recurrence after breast conserving therapy. 22 Other gene expression signatures derived from a biological hypothesis are the p53-signature, the stromal cell signature and the invasiveness signature ('stem cell signature'). [23] [24] [25] One of the main statistical caveats with supervised classification is that of overfitting and as a consequence, prognostic or predictive profiles should always be validated in large independent patient cohorts. Two examples of supervised analysis are the 70-gene prognosis profile 2 and the 76-gene prognosis profile.
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These profiles have been trained on a cohort of lymph node negative patients and subsequently validated on a larger cohort from the same institute, 10, 11 and both profiles have been validated in the same independent cohort by the TRANSBIG consortium. 26, 27 Clinical use of these prognosis gene expression signatures could result in treating a smaller number of patients with adjuvant systemic chemotherapy. Desmedt and colleagues note that both signatures have the highest hazard ratio during the first five years, but still outperform Adjuvant! Online Ò at 10 years. 27 When corrected for clinical variables in multivariate analysis they perform equally well on the TRANSBIG series (hazard ratio (HR) 2.63 and 2.55 for the 70-gene and the 76-gene, respectively). 26, 27 As biological derived profiles are not trained on a specific data set, they can be directly applied to multiple publicly available data sets. Furthermore, these signatures might also give more insight into the biology that defines prognostic subgroups of breast cancer patients and may suggest ways for intervention. 28, 29 As the previously published wound-response signature and hypoxia-response signature are independent in predicting outcome in breast cancer patients in multivariate analysis 17 and only 6 genes overlap between the signatures, we hypothesised that combining these signatures might have both a better sensitivity and specificity in predicting outcome. Here, we have updated the follow-up of the previously described series of 295 breast cancer patients, and assessed the prognostic value of assigning tumours to subgroups based on the WS and HS.
2.
Material and methods 
Tumour samples -patients

Gene expression profiling data
RNA isolation, labelling of complementary RNA and hybridisation to 25,000 element oliogonucleotide microarrays, and measurement of expression ratios were previously described. 10 The two gene expression profiles (wound-response signature (WS) or core serum response (CSR) and hypoxia-response signature (HS)) used have been derived in the experiments using Stanford cDNA arrays. Genes on Stanford cDNA microarrays and Rosetta/NKI oligonucleotide microarrays were mapped across different platforms using Unigene identifiers (build 158, release date 18th January 2003 for the Wound Signature; this version was used here, as this was the original mapping carried out for the validation of the wound signature 18 . The primary hypoxia analysis was done using build 172, release date July 17th 2004. 17 Probes on the NKI array that were mapped to the same unigene cluster were averaged. The entire expression database for all 295 patients is available online (http://research.nki.nl/vandevijverlab/PublicationTable.html), as well as the files containing the expression ratios for the specific experiments (wound signature http://microarray-pubs.stanford.edu/wound_NKI/ explore.html) and hypoxia signature http://microarraypubs.stanford.edu/hypoxia/downloads.htm). The second data set (Sorlie and colleagues 31 ) used is derived from experiments using the same cDNA microarray as the one used to identify the WS and HS. 16, 17 The image clones were mapped and all probes could thus be identified. The full expression data are available at http://genome-www.stanford.edu/breast_cancer. Clinical data are available as supplement on website from the original publication (http://genome-www.stanford.edu/ breast_cancer/robustness). There are 122 patients in this data set, and the WS and HS were previously assessed for the tumours from these patients 17, 18 by using 2-dimensional unsupervised hierarchical clustering. The information on the invasiveness gene signature (assignment to prognostic groups based on this signature) was provided by Dr. X. Wang.
Classification of samples based on gene expression signatures
We have previously assigned patients to the WS activated/ quiescent and HS hypoxic/non-hypoxic groups based on the two-dimensional unsupervised hierarchical clustering. In addition, assigning methods based on a Pearson correlation (WS) or average gene expression (HS) have also been used. Here, we have used the correlation coefficient to the WS 18 and the average expression for all the genes for the HS ('Hypoxia score'). 17 For the WS, the average gene expression value for each of the 512 genes is calculated from the original in vitro model. For each patient sample, the Pearson correlation coefficient to this list of values results in a value between )1 and 1. A correlation coefficient >0 is deemed a positive correlation and thus an activated wound signature and <0 represents a negative correlation and thus a quiescent wound signature.
For the hypoxia signature, we could not apply the same method because all the genes in this profile are up-regulated. Instead, we have calculated the average expression of all the genes for each patient and defined a value of >0 as positive and thus hypoxic, and a value of <0 as negative and thus non-hypoxic. 18 We have not trained and supervised the optimal correlation to the WS and HS, but we have used a correlation coefficient of 0 as cutoff, as a positive correlation coefficient corresponds to the findings from the in vitro model defining cells as having an activated WS or a hypoxic HS, whereas a negative correlation coefficient would indicate a quiescent WS or non-hypoxic HS. After assigning the WS and HS for all patients, patients are categorised into three groups by combining the signatures. Group 1 consists of patients who have tumours with a quiescent WS and non-hypoxic HS; patients who have tumours with either an activated WS or a hypoxic signature are assigned to group 2, and group 3 represents patients who have tumours with an activated WS and hypoxic HS.
Statistical analysis
The main end-point analysed was distant metastasis as the first event (distant metastasis free probability: DMFP). If a patient developed a local recurrence, axillary recurrence, contralateral breast cancer or a second primary cancer (except for non-melanoma skin cancer), she was censored at this time. This approach was taken to account for the possibility that locoregional recurrences and contralateral breast cancers can be a source for distant metastases. An isolated ipsilateral supraclavicular recurrence was the first relapse in five patients. In four of these patients, distant metastasis developed after a short time interval. An ipsilateral supraclavicular recurrence was thus considered to be a preceding event to distant metastasis and patients were not censored at this time. The time of a subsequent distant metastasis was taken as time of the first event and analysed accordingly. Overall survival was analysed by death from any cause and patients were censored at the last follow-up (details on breast cancer specific survival are provided as Supplementary information (file S1 clinical data sheet). Distant metastasis free probability (DMFP) and overall survival (OS) were calculated using the Kaplan-Meier method, and the log rank test was used for comparisons. For the multivariable analysis, Cox-regression was used. All statistical analyses were done using Winstat Ò for Excel (R. Fitch Software, Staufen, Germany), SPSS 13.0 Ò (SPSS Inc, Chicago, IL) and Microsoft Excel Ò (Microsoft Corporation, Redmond, WA). 4
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In the original publication Van de Vijver and colleagues have included 61 lymph node negative patients from the original 78-patient training set in the validation series of the 70-gene signature. 10 To acquire a consecutive series, these 61 of the 78 pN0 patients of the training series used for the construction of the 70-gene prognosis profile 2 had to be included.
Leaving out these patients would have resulted in a selection bias, since the first series contained a disproportionally large number of patients who developed distant metastases within 5 years. The 61 patients were included in the study to keep the consecutive series complete, but a statistical correction was applied before assigning these patients to the good or poor outcome group to correct for an overestimated performance in these patients. 2 For the updated results on the 70-gene prognosis signature, all 295 patients were analysed. However, for a fair comparison with the 70-gene signature on this data set, the patients who were part of the training series cannot be used for the comparative analyses. Using a similar approach to the one used in previous analyses, 18 we have analysed the subset of lymph node positive patients (who were not part of the training set of 78 tumours) for the comparative analyses with the 70-gene signature.
Results
Prognostic association for the Wound Signature
For 295 invasive breast carcinomas from patients with stages I and II breast cancer, we had previously assessed gene expression profiles for 25,000 genes. Using the wound signature (WS) genes, 142 tumours were classified as WS activated and 153 tumours as WS quiescent. Distant metastasis free probability at 15 years is, respectively, 72% and 47% for Quiescent and Activated (log rank p < 10-5; HR 2.8 (95%CI (confidence interval) 1.8-4.3)); overall survival is 77% and 46% (log rank p < 10-8; HR 3.6 (95%CI 2.3-5.6)), respectively (Kaplan-Meier curves are shown in Fig. 1a and b) . As can be seen in Table 1 , in multivariate analysis the WS is the strongest independent predictor for OS.
3.2.
Prognostic association for the hypoxia-response signature When tumours are assigned based on average expression of the hypoxia-response genes, 218 are classified as non-hypoxic and 77 as hypoxic. The distant metastasis free probability at 15 years is 67% and 42% for non-hypoxic and hypoxic, respectively (log rank p < 10-4; HR 2.3 (95%CI 1.5-3.5)) and the overall survival is 69% versus 44% (log rank p < 10-5; HR 2.6 (95%CI 1.7-3.8)) (Kaplan-Meier curves are shown in Fig. 1c  and d ).
3.3.
Performance of a 'combination signature'
To address the question whether the WS and the HS define different biological pathways and can provide additional prognostic information, we combined the two signatures to sub-classify the tumours ('combination signature'). We subdivided the tumours into those that show both a quiescent WS and a non-hypoxic HS (group 1; n = 121); those that have either an activated WS or hypoxic HS (group 2; n = 129) and those that have both an activated WS and a hypoxic HS (group 3; n = 45). The distant metastasis free probability at 15 years is 76%, 53% and 36% for group 1, 2 and 3, respectively (log rank p < 10-8; HR 2.3 (95%CI 1.8-3.1)) and the overall survival is 79%, 59% and 27% (log rank p < 10-12; HR 2.8 (95%CI 2.1-3.8)) (Kaplan-Meier curves are shown in Fig. 2a and b) . In multivariate analysis, the combination signature is the most powerful predictor in the presence of clinical and pathological risk factors ( Table 2 ). Note that the hazard ratio for the combination signature (2.2) applies to both the difference between the good and intermediate groups and the intermediate groups versus poor group.
Comparison with the 70-gene prognosis profile
We have previously identified a 70-gene prognosis profile using supervised classification 2 and validated the prognostic profile in this series of 295 tumours. 10 Using the extended follow-up data collected in this study, we have repeated the prognosis analysis using the 70-gene prognosis profile in these 295 tumours. The distant metastasis free probability 
at 15 years is 80% and 46% for tumours with a good and poor prognosis profile, respectively (log rank p < 10-7; HR 4.5 (95%CI 2.5-7.3)) and the overall survival is 83% and 48% (log rank p < 10-9; HR 5.3 (95%CI 3.0-9.4)). (Kaplan-Meier curves are shown in Fig. 1e and f. Kaplan-Meier curves for the lymph node positive patients only (n = 144) are shown in Supplementary Fig. 1 ). The comparative analysis was done for the 144 lymph node positive patients only (see materials and methods). Table 3a shows the distribution of subgroups defined by the combination signature (good, intermediate and poor) versus group assignment according to the70-gene prognosis profile. Clinical outcome in discordant patients (e.g. 70-gene good prognosis and combination signature poor and vice versa) is shown in Table 3b . To investigate the additive prognostic value of the combination signature, we also performed a multivariate analysis including the 70-gene prognosis signature, the combination signature and the clinico-pathological variables (Table 3c ). As can be seen, the 70-genes prognosis profile loses significance in the presence of the combination signature in the lymph node positive subgroup. The combination signature is the most powerful predictor of survival in this model with a hazard ratio of 1.84. Age is the only clinico-pathological variable that adds significantly to the model. A potential advantage of using the combination signature is a higher specificity or positive predictive value. The negative predictive value for distant metastasis is almost the same for both the 70-gene prognosis signature and the combination signature (respectively, 84% and 83%). The positive predictive value is harder to compare with the three-class combination signature. When combining the intermediate and poor groups as 'poor' group, the signatures perform equally well (37% both). Of note is that the combination signature creates an intermediate group that potentially has to be addressed separately regarding treatment decisions. When only looking at the good versus poor for both signatures, the combination signature performs slightly better (37% versus 55%) with a specificity of 45% versus 83%. Table 3d shows all the values for the positive and negative predictive values, and sensitivity and specificity for both signatures.
Comparison with the Invasiveness gene signaturewound signature combination
Recently, another interesting biological gene expression signature was identified, termed the invasiveness gene signature (invasiveness gene signature (IGS) or 'stem cell signature') published by Liu and colleagues. 23 This 186-gene signatures is derived from gene expression studies on a highly tumourigenic subpopulation of cells from breast tumours characterised by high CD44 and a low or undetectable level of CD24 expression, which are postulated to be breast cancer stem cells. Also this signature predicts outcome in the NKI295 data set. The IGS is independent in predicting outcome in multivariate analysis in the NKI295 data set, but with a HR of 1.2 (95%CI 1.1-1.4) it is not the strongest in the presence of age and tumour grade. Liu and colleagues generated a combination signature in a similar way (IGS good and quiescent, either activated or IGS poor and activated and IGS poor: IGS-WS combination signature) and showed a difference in distant metastasis free survival (80%, 69% and 47% at 10 years for, respectively, the good, intermediate and poor groups). We wanted to compare this combination signature on the same patient cohort to our combination signature in the presence of clinical and pathological variables. In the presence of the WS-HS combination, the IGS-WS combination loses its significance. The WS-HS combination remains significant and is the strongest predictor of survival (Tables 4a and 4b ).
Prognostic value of the WS and HS in clinically defined subgroups
We wished to explore the prognostic value of the WS and HS in clinically defined subgroups. We have assessed the prognostic value of the WS and HS in the following subgroups of tumours: pT < 2 cm versus pT>2 cm, lymph node negative versus lymph node positive tumours, ER-negative versus ERpositive tumours and treated versus untreated patients (adjuvant chemotherapy and/or hormonal therapy).
The combination signature has comparable prognostic power in all subgroups. Most interestingly, the ER-negative subgroup can be subdivided into a good and a poor prognosis group (Kaplan-Meier Curves for survival are shown in Fig. 2c-f) . 
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Prognostic value of the WS and HS in locally advanced breast cancer
To test the performance of the combination signature in an additional data set, we used the breast cancer data set from Sorlie and colleagues. 30 The WS and HS have previously been described for this data set. 16, 17 This data set encompassed 122 patients with a median age at diagnosis of 58 years (range 21-85); 25% had an ER-negative tumour; 77% of the patients had a T3-or T4-stage tumour and 82% of patients were lymph node positive. As can be seen in Fig. 3 , the combination signature separates 3 subgroups and significantly distinguishes patient for both relapse free (p = 0.01) and overall survival (p = 0.002). However, groups 1 and 2 appear to be more similar in outcome, compared to group 3, as was also observed in the ERnegative subgroup in the NKI data set.
Discussion
Based on variations in gene expression profiles, various subgroups of breast cancer can be identified. Here, we present analyses to optimally combine several gene expression-based classifiers with the purpose to improve the identification of prognostic subgroups of breast cancer, and to better understand the biology underlying these gene expression classifiers. We previously noted that the Hypoxia-response profile identified a different prognostic subgroup compared to that based on the Wound-response signature 17 and hypothesised that these profiles might be complementary in predicting outcome. Here, we show that outcome prediction is improved by combining the two profiles. The combination of the two signatures not only significantly predicts outcome in breast cancer patients (both distant metastasis free and overall survival), but also outperforms all clinical and pathological parameters in a multivariate model. Interestingly, the prognostic power of the combination signatures holds up across all clinically defined subgroups. While patients with ER-negative breast cancer (69 patients) represent only a small proportion (4% in the series described here) of the patients having a good prognosis according to the 70-gene prognosis profile, the combination signature classifies 12 patients as having a good and 30 patients as intermediate risk; the remaining 27 patients are classified as poor prognosis patients. The Kaplan-Meier estimates for overall survival at 15 years are 75%, 66% and 13%, respectively, for, the good, intermediate and poor prognosis patients in the ER-negative subgroup. For the entire patient cohort, the good subgroup contains a comparable number of patients and has comparable outcome to the good group as defined by supervised classification (combination signature versus 70-gene; 121 versus 115 patients in the good prognosis group and 79% versus 83% overall survival at 15 years). Furthermore, the combination signature defines a poor outcome group that has a worse outcome than patients assigned to the poor prognosis group by the 70-gene prognosis signature (27% versus 48% overall survival at 15 years). When we analysed the 70-genes prognosis profile and the combination signature in multivariate analysis together with clinico-pathological variables on the lymph node positive cohort only, the 70-gene prognosis profile lost its significant predictive value in the model for overall survival, whereas the combination signature was the strongest predictor of outcome.
Recently, the so-called invasiveness gene signature (IGS) was published by Liu and colleagues. 23 This signature represents the gene expression pattern in a highly tumourigenic subpopulation of breast cancer cells and is a significant predictor of outcome, and even more so when combined with the WS. Here, we have shown that the combination of the HS and the WS results in a stronger prediction of outcome compared to the combination of the IGS and the WS. Furthermore, the number of patients assigned to the good prognosis group is considerably larger for the WS-HS combination (115 versus 61). Gene expression profiling using microarray analysis of tumours results in a large amount of (gene expression) data points for each individual sample. In order to analyse these data, various methods are widely applied, e.g. unsupervised hierarchical clustering, supervised analysis incorporating clinical data and 'hypothesis driven' analysis. One example of supervised analysis is the 70-gene prognosis profile, which has now also become commercially available as a diagnostic test for lymph node negative breast cancer (MammaPrint Ò ) and is currently being tested in a prospective randomised clinical trial by the EORTC and TRANSBIG clinical study groups (MINDACT-trial). 31 Here, we have shown that by combining 'biology driven' gene expression signatures, outcome prediction in breast cancer can be done without applying supervised methods. By further integrating gene expression-based classification with genetic alterations in breast cancer, more insight in the biological processes will be obtained. As an example of such improved understanding, Adler and colleagues developed a method called SLAMS (stepwise linkage analysis of microarray signatures) to analyse gene signatures to unravel underlying mechanisms of poor prognosis. 28 They have identified two genes (MYC and CSN5) that drive the Wound-response Signature; by stably transducing MYC and CSN5 into MCF10A (breast epithelial cells), the ability of these cells to invade through a three-dimensional basement membrane matrix is strongly increased. Such a model can be used to test drug sensitivity in relation to specific gene expression signatures. 29 Another example showing the complexity of breast cancer biology is a study performed by Fan and colleagues. They analysed five different published gene expression signatures on one data set and showed a high concordance between the signatures in identifying the same poor prognosis patients. They hypothesised that multiple pathways can lead to poor prognosis and that the high complexity of the microarray approach, the large numbers of genes analysed and the utilisation of different platforms likely identify different sets of genes that are all associated with a poor prognosis. 35 Sotiriou and colleagues have proposed that there is a common team in different gene expression profiles, instead of multiple different pathways. They have hypothesised that the main 'driving' component of most prognostic signatures in breast cancer is the set of genes associated with proliferation. Preliminary results of a meta-analysis of published breast cancer data sets support this hypothesis. 36 The predictive power of the combined approach described here is independent of clinical and pathological variables and holds up across different clinical and pathological distinct subgroups of breast cancer, even in the ER-negative subgroup. Taking this test into the clinic could be beneficial for patients and potentially improve clinical decision-making. It should be realised that this requires significant efforts and financial resources. First a reproducible assay needs to be developed and subsequently this assays needs to validated, preferably prospectively. Testing different prognostic signatures and testing their ability to better stratify patients for adjuvant treatment decision-making should be a research priority. Large collaborative studies are needed and preferably run by an independent organisation. An example of such a project is the (retrospective) validation of the 70-gene prognosis profile by the TRANSBIG consortium where, in a second study the 76-gene prognosis profile was validated on the same patient cohort. 26, 27 Hopefully, it will be possible to incorporate novel prognostic and/or predictive gene expression signatures, such as the ones described here, in prospective clinical studies. This should lead to improved predictive tests that can guide the treatment of breast cancer patients.
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